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ABSTRACT

ASPECT-BASED SENTIMENT ANALYSIS IN TURKISH

Ozkan, Deniz
M.S., Department of Software Engineering
Supervisor: Asst. Prof. Dr. Cigdem Turhan
May 2020, 66 pages

Most customers rely on reviews and comments of other consumers that already
purchased and used the products that they intend to purchase. As the sharing
opinions and preferences of people on online platforms are widespread, these huge
data sources are highly valuable to companies to gather feedback on their products.
Therefore, researchers have an essential data mining goal to extract useful
information from sentiments. In this thesis, the aim is to perform an aspect-based
analysis to determine the sentiment polarity of the reviews for a smart phone using
natural language processing techniques in Turkish for the performance, price and
camera aspects. The techniques used are data preprocessing, explicit and implicit
feature extraction as well as grouping corresponding aspects and lexicon-based
sentiment analysis at word-level and word-group level. The evaluations show that the
highest values of precision, recall and f1 measure for the aspects examined are found
to be 93%, 94% and 93%, respectively. These results reveal that our study has
remarkable performance compared to other Turkish aspect-based sentiment analysis

studies.

Keywords: Aspect-based Sentiment Analysis, Natural Language Processing,

Lexicon-based Sentiment Analysis.
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TURKCE HEDEF-TABANLI DUYGU ANALIZIi

Ozkan, Deniz
Yiiksek Lisans, Yazilim Miihendisligi
Tez Yoneticisi: Dr. Ogr. Uy. Cigdem Turhan
Mayis 2020, 66 sayfa

Cogu miisteri bir iirlinii satin almay1 diisiindiiklerinde, o {riinii daha 6nceden satin
almis ve kullanmis diger tiiketicilerin inceleme ve yorumlarma giivenir. Insanlarin
fikir ve tercihlerini online platformlarda paylasmasi yayginlastik¢a, bu devasa bilgi
kaynag sirketlerin iiriinleri hakkinda geri bildirim alabilmeleri igin ¢ok degerli hale
gelmistir. Bu yiizden arastirmacilar, veri madenciligi ile duygulardan yararli bilgileri
ayrigtirmak gibi onemli bir amag¢ edinmislerdir. Bu tezin hedefi, bir akilli telefon
hakkindaki Tiirkge incelemelerin duygu siniflarinin belirlenmesi i¢in dogal dil isleme
kullanilarak; performans, fiyat ve kamera hedefleri bazinda hedef-tabanli duygu
analizini gerceklestirmektir. Kullanilan teknikler veri 6n islenmesi, acik ve kapali
ozellik ¢ikarimi ve bunlarin ilgili hedeflere gruplanmasi, kelime ve kelime gruplari
seviyesinde sozlik tabanli duygu analizidir. Sonuglar, incelenen hedefler i¢in en
yiiksek kesinlik, duyarlilik ve F1 6l¢iimii degerlerinin sirasiyla %93, %94 ve %93
oldugunu gostermistir. Bu sonuclar bizim ¢alismamizin, diger Tiirkce hedef tabanh
duygu analizi calismalariyla karsilastirildiginda, kayda deger bir performansa sahip

oldugunu ortaya ¢ikariyor.

Anahtar Kelimeler: Hedef-Tabanli Duygu Analizi, Dogal Dil Isleme, Sézliik-Tabanl
Duygu Analizi
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CHAPTER 1
INTRODUCTION

When purchasing an item, people usually trust the suggestions of other people and
ask for recommendations. With the emergence of Web 2.0, websites provide user
generated content, ease of use and interactivity with the end user. In Web 2.0, unlike
Web 1.0, people do not only read the content and also are keen on contributing to the
content via sharing opinion on online platforms such as e-commerce web sites and
social media [1]. According to a survey [2], users generally perform an online search
about a product before buying it, and online reviews about the product affect their
opinion. As the sharing opinions and preferences of people on online platforms are
foreseen to be common in the close future, O'Reilly and John Battelle [3] defined
these huge data sources as more valuable for companies to get feedback on their
products. Using the customer reviews, they can monitor their brand reputation,
analyze which aspects of their product are liked or disliked by consumers and

examine the reasons for their criticisms.

Since Web 2.0 provides the huge data sources, extracting useful information from
sentiments on textual resources has become an essential data mining goal for
researchers. The term Semantic Web which was named as Web 3.0, was introduced
with by Berners-Lee [4] to refer to a web of content where the semantics can be
analyzed by machine learning or natural language processing methods [5]. The task
of sentiment analysis aims to specify the polarity of sentiment in text. In other words,
text is classified according to the sentiment category. The text which is classified can
be a word, phrase, sentence or a document. The polarity can be predicted as three
categories which are positive, negative and neutral or multi-variant scale as the

strength of sentiment expressed in the text.

Although Sentiment analysis is crucial in terms of data mining, document level
analysis is inadequate to understand the sentiment of the text correctly. Because, in
many cases, people talk about many aspects which belong to the same item and they

have a different view about each of these aspects. This often happens in reviews
1



about products in e-commerce websites or in discussion forums. An example of a
smartphone review which was gathered from “Hepsiburada” website is “Evet fiyat
pahali ama en hosuma giden tarafi sarj1 eski telefonlar1 gibi degil uzun stire gidiyor”.
Classifying the example review as positive or negative, the overall analysis of the
review produces a wrong sentiment. Because, the word “pahali” refers to the aspect
“fiyat” negatively, while the aspect “sarj” is referred as positively in terms of the
sentiment [6]. With the aim of gaining a deeper understanding, the technique aspect -
based sentiment analysis (ABSA) is developed which identifies various aspects in
terms of the domain of the text and determines the corresponding sentiment for each
one. In other words, instead of classifying the overall sentiment of a text into positive
or negative, ABSA allows to associate specific sentiments with different aspects of a
product. Aspects can be referred by explicit and implicit features. If a feature or any
of its synonyms refer to the aspect directly in a sentence, the feature is called an
explicit feature in this sentence. On the contrary, the implicit features are the features
that imply the aspect indirectly. Grouping explicit and implicit features for each
aspect are completed in two tasks. First, feature words should be specified from the
reviews, and then the feature words should be grouped into their corresponding
aspects. Grouping the features, especially implicit features, is the difficult task needs
comprehensive work for increasing the accuracy of the ABSA’s results.[7] The
results of ABSA are more fine grained, interesting and accurate because it examines
more closely-the information behind the text which can be at word level, word group
level or sentence level. This information is crucially important for marketing to
create a seamless customer experience and increase customer retention. Because,
according to research by American Express [8], customers are willing to spend more

money with a company that delivers an excellent service.

In the literature, there are three main concepts for aspect-based sentiment analysis
which are machine learning (ML), lexicon-based and hybrid systems which are
combinations of both. Machine learning approach includes two main types which are
supervised and unsupervised learning. While in the supervised approach, the system
learns a classification model from the training data using one of the common
classification algorithms such as SVM, Naive Bayes, Logistic Regression, or KNN,
the unsupervised approach does not require a classification model to be taught. While

2



machine learning approaches may work more accurately than lexicon-based
methods, if there is not a huge amount of data in the given domain, lexicon-based
methods perform with sufficient accuracy with a small data set in the domain.
Generally, online product reviews are about many different domains and the size of
this type of data is not huge. Therefore, lexicon-based approach is suitable for the
semantic analysis of online product reviews [9].

In this thesis, the aim is to perform an analysis to determine the sentiment polarity of
the reviewers towards various aspects of iPhone which is a smart phone developed
by Apple using natural language processing. The techniques used are data
preprocessing, explicit and implicit feature extraction as well as grouping
corresponding aspects, lexicon-based sentiment analysis at word-level and word-
group level because of the advantages mentioned above. Most of the current studies
on aspect-based sentiment classification typically focus on reviews about movies,
restaurants, blogs, news and tweets written in the English language. On the other
hand, there are very limited studies conducted to classify the aspect-based
sentimental analysis for reviews in Turkish language which has an complex informal
text structure different than English, therefore making the use of Turkish a major

challenge for this thesis.

The background information on the fundamentals of these concepts, the design and
implementation of aspect-based sentiment analysis used in the thesis, testing and
evaluation of the analysis results with extensive discussions, as well as the

conclusion of the study are given in detail consecutively in the following sections.



CHAPTER 2
LITERATURE REVIEW

This thesis aims to classify sentiments in online comments comprised of humans’
complaints or complements in the Turkish language with aspect-based sentiment
analysis. Much of the existing research on textual information processing have
focused on mining and retrieval of factual information, e.g., information retrieval,
Web search, text classification, text clustering and other text mining and natural
language processing tasks. A limited number of studies have been done on sentiment
analysis 4 in recent years. People care about others’ feelings whenever they need to
make decisions. This is not only correct for people but also for organizations. One of
the main reasons for the lack of study about opinion mining and sentiment analysis is
the fact that there was limited text containing sentiments before the World Wide Web
[10]. Before the Web, when a person needed to decide about something, he/she
typically asked for ideas from friends and families. If an organization wanted to
know the ideas or feelings of the people about its products and services, polls or
surveys were performed. In recent years, the emergence of Web 2.0 augments the
size of user-generated content on the internet rapidly. Many organizations give
increasingly high importance to sentiment analysis and opinion mining of online
review for effective organizational decision making [11]. However, finding opinion
contents and monitoring them online can still be a challenging task because a great
number of diverse contents exist, and each content may also have a high volume of
text including opinions or sentiments. In most cases, sentiments are hidden in long
forum posts and product reviews on the e-commerce web sites. For individuals,
reading relevant contents as well as finding, summarizing and organizing opinion-
related sentences into useful forms from those contents are remarkably difficult.
Therefore, the need for automated opinion discovery systems has emerged. The
number of studies about sentiment analysis which is also called opinion mining has
increased because of this requirement. Additionally, since it is extremely valuable for
real-life practices, both academic research and industrial applications seem to

embrace automated opinion discovery systems increasingly in recent years [12].

4



Therefore, the sentiment analysis which is a crucial part of the automated opinion
discovery systems has been studied since the early 90s [9], [13]-[20].

This section provides some information about studies on ABSA in the literature.
With this aim, it is organized in turn as defining the problem of ABSA, reviewing
similar studies of other researchers on ABSA, natural language processing and

feature extraction in the Turkish language and others.

2.1 The Problem of Aspect-Based Sentiment Analysis

Aspect-based sentiment analysis model is first defined as the attributes that belong to
an object and the opinions that have been expressed in a sentence which are about the
attributes. Secondly, this model specifies whether the opinions are positive, negative
or neutral. While the objects are also called as targets, the attributes are also called as
aspects, as well as features. An object can be one of the following items: product,
service, individual, organization, event, topic, etc. In a product review, the model
specifies product features which are written in the comment and assigns a value
which means that the feature is implied positively, negatively or neutral to each
feature. As an example, in the sentence, “Bu telefonun pil 6mrii ¢ok kisa.” the aspect
is “pil omri” of the “telefon” object and the sentiment is negative. Many
organizations in the marketing area need aspect level analysis in order to increase the
product quality. Understanding liked and disliked features of the product by people
helps organizations to improve disliked features and maintain the liked features.

Such specific information is not discovered by sentiment classification [15].

The following review about iPhone which was taken from our data set is used to
introduce the problem: “(1)Yaklasik bir haftadir kullaniyorum telefonu. (2)Cok
begendim! (3)Hizh bir telefon kullanim1 ¢ok rahat.. (4)Giincelleme ile ilgili hic bir
zaman sorun yapmaz. (5)Bataryasi miilkemmel. (6)Fotograf kalitesi ¢ok iyi degil
bence. (7)Fiyat olarak pahali ama eger maddi olarak sikinti vermeyecekse hig
diistinmeyin.” There are several sentences which describe sentiments in this review.
Sentences (2), (3), (4), (5), (6) carry positive meaning, while sentences (7) include
negative meaning. Sentence (1) which has no sentiment was ignored in this analysis.

When the review is examined in more detail, all expressed sentiments which refer to

5



different features or objects are noticed. The sentiment in sentence (2) is about the
iPhone as a whole, so, sentence (2) was ignored in the feature based analysis. The
“hiz” feature in sentence (3) which has a positive meaning refers to the “performans”
aspect implicitly. In addition, in sentence (4) and (5), the implicit feature
“glincelleme” and “batarya” refers to the “performans” aspect positively. The
negative sentiment in sentence (6) which is about the “fotograf” feature refers to the
“kamera” aspect implicitly. The extraction of implicit and explicit features is a
crucial task on this detailed level analysis [16]. In the sentence (7), the feeling is
negative directly about the “fiyat” aspect. As a result, the negative or positive tag of
the overall comment is incorrect because of the different sentiments placed in the
comment. With this example; the general overview of the problems related to of
aspect-based sentiment analysis is presented. In the next section, other researches

about aspect-based sentiment analysis are reviewed.

2.2 Aspect-Based Sentiment Analysis of Text

One of the subtasks of sentiment analysis is opinion mining which is extracting
attitudes and feelings in the text specifying it as either positive or negative according
to the sentiment reflected in the text. Sentiment analysis is also expressed as
subjectivity analysis which aims to define feeling, emotions and attitudes that are
explained by natural language. The main aim of analyzing sentiment or opinion
words in the sentences and the documents is to predict the sentiment orientation as
positive, negative or neutral [6]. The analysis and automatic extraction of semantic
orientation can be expressed by diverse terms which are sentiment analysis [17],
subjectivity [21], opinion mining [22], analysis of stance [23], appraisal [24],

emotion [25] and aspect-based also called feature based [26] .

Large number of research on ABSA from text is available. Most of these studies
explain sentiment as positive, negative or neutral [27]-[30]. There are also some
studies [31], [32] that extract positive or negative sentiment strength with predicting
the human ratings on a scale. For example, sentiment in the text is classified as a
number in the scale between 0-10 which corresponds to exceedingly negative or
exceedingly positive. Also some recent approaches are developed to detect multiple
emotions and aspects from single sentences [26], [33]-[35]. While these methods are

6



usually applied on large texts such as newspaper and movie reviews, some research
are studied on short texts such as Twitter corpora to perform ABSA [36]-[39]. The
rapid proliferation of e-commerce websites on Web 2.0 leads to huge amount of
costumer reviews about product information which makes ABSA of online customer

reviews a hot research topic [29], [40]-[46].

While some of aspect-based sentiment extraction approaches apply rules of
supervised learning, the others use rules of unsupervised learning. There are two
main approaches for sentiment analysis [6] which are machine learning [47]-[49] and
lexicon-based [50]- [52]. In the following subchapters, studies in the literature about

supervised and unsupervised approaches are mentioned in more detail.

2.2.1 Machine Learning Approaches (Supervised)

The study performed by Gupta and Ekbal [53] proposed a combined system using
different classifiers and Random Forest supervised machine learning algorithm to
specify aspects and analyze sentiment classification of online reviews available for a
popular product or service. As the results, the accuracies of 67.37% and 67.07% were
obtained for the restaurant and laptops reviews, respectively. Mubarok, Adiwijaya,
Aldhi [44] conducted aspect-based sentiment analysis approach to analyze and
extract the polarity of sentiment from specific aspects of products reviews such as
food, service, price, and ambiance. Naive Bayes algorithm was used for the
classification of sentiment polarity of aspects and evaluation resulting in an F1-
Measure of 78.12%. Another study [54] was performed with aspect-based sentiment
analysis method of different products in the marketing area. Aspects of product
reviews were determined and each aspect was classified as positive, negative and
neutral using SVM (support vector machine) and ME (Maximum Entropy)
classification algorithms. In [55], the work described was about aspect-based
sentiment analysis within laptop domains and restaurant domains. SVM was used to
classify an aspect term into datasets using WEKA tool. The work resulted as
accuracy of 70.5 % and 81.0 % for the laptop and restaurant domains, respectively.
Kessler and Nicolov [56] conducted an aspect-based classification of product
reviews using sentiment-target linking approach which ranked potential target
mentions for a sentiment expression using SVM. Afzaal, Usman and Fong [57]

7



conducted an aspect-based sentiment framework to classify hotel and restaurant
reviews using 5 machine learning techniques which are Naive Bayes, SVM, ME,

Random Forest Tree and FLR. They showed their evaluation results comparatively.

2.2.2 Lexicon Based Approaches (Unsupervised)

The success of machine learning does come with a significant price. Since a huge
amount of preliminary processing as well as text-to-feature conversion are necessary,
the analyses conducted with machine learning consume a significant amount of time
to complete. Lexicon based approach has been popular for researchers because, this
approach is easier to implement and is more understandable in opposition to machine
learning because of less data required for successful analysis. The studies about this
approach are divided into two subcategories which are called corpus-based and

dictionary-based methods.

Dictionary-based approach often use sentiment lexicons, which include sentiment
scores for each word, as a guide to specify which words or phrases are positive,
negative or neutral in a generic context. In some studies, sentiment lexicons were
constructed manually. A lexicon based method which was performed by Ding [50]
was proposed to handle context dependent opinion words and distinguish multiple
opinion words in the same sentence for aspect-based sentiment analysis of product

reviews with 91% recall value.

In the literature, most studies used available sentiment dictionaries for English
languages. Using WordNet [13] which is a basis sentiment dictionary for English
languages, Kamps et al. [58] proposed a similarity measure to detect semantic
orientation of adjectives. The evaluation was done against three factors of the
General Inquirer [59] and highest value was 71.36%. Similarly, Hu and Liu [60]
presented an article in which research was different from conventional work because
they only mined aspects of the product which the customer gave his/her opinions.
They specified these opinions as positive or negative using WordNet which enabled
them to discriminate the semantic orientation of opinion words. This paper resulted
with 84% average accuracy for the five products. Another study based on WordNet

is presented by Albornoz et al. [61]. This study combined machine learning method
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and dictionary-based method to analyze the polarity of online hotel reviews at aspect
level. The evaluation results were an average accuracy of 71% with 3 categories and
46.9% with 5 categories. In 2015, Guha et al. [62] used WordNet while extracting
features of online restaurant reviews. The study was completed into 3 slots: aspect
category subtask, opinion target expression subtask and sentiment polarity subtask.
WordNet was also used to classify sentiment of aspects combining different machine
learning methods in the sentiment polarity subtask. In 2011, Khan et al. [63]
proposed a rule-based approach for the semantic analysis of online customer
reviews. Each word in the sentence was recorded using method “POS” and polarity
of the given sentence in the review was computed. In this study, nouns were called
“aspects” which were labeled as positive or negative using SentiWordNet [64] which
was derived from WordNet. Accuracy was evaluated as 86%. Another study which
was conducted using SentiWordNet was proposed by Singh et al. [65] which
analyzed aspect level polarity of movie reviews. The obtained results were compared
with Alchemy API [66] and showed that the accuracy of this study had higher value
than the ones obtained with Alchemy API.

All studies mentioned above were conducted for the English language. There are also
many studies using a sentiment dictionary which were performed for other
languages. In the following, some examples of the research about agglutinative
languages are explained, including the Turkish language. In 2012, Zhang et al. [27]
proposed an aspect-based subjectivity analysis method to find product weaknesses
and compare with other products in Chinese language. WordNet-Hownet [67] was
used as a lexicon to analyze sentiment of aspects of products. The evaluation resulted
with 85.26% as the general recall value. In Korean language, which is agglutinative,
Han et al. [68] conducted a linguistic source for Korean languages. They constructed
their dictionary with multiword aspects using frequency of terms. Another
dictionary-based sentiment analysis approach was proposed in Arabic language by
Ayyoub et al. [69]. They built their dictionary in 3 steps: gathering Arabic stems,
translating them into English and taking an English sentiment lexicon to determine
the polarity value of each word. Their evaluation result show that average accuracy
value was 86.89%. In Turkish language, Turkmen, Ekinci and Omurca [29]
determined the sentiment strength of hotel reviews for 10 aspects constructing the
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sentiment lexicon manually. Another study which was published in 2015 was
performed by Dehkharghan et al. [70]. This study proposed a complete framework
for aspect-based sentiment analysis using three lexicons: SentiTurkNet, their own
polar word list, and translation of the SenticNet [71]. The average accuracy values
were for 73.42% for binary (positive, negative) and 60.33% for ternary (positive,
negative and neutral). In 2016, Eryigit [28] conducted aspect-based sentiment
analysis of restaurant reviews on Twitter using TurkSent [72] as lexical source. After
evaluation of the study, F1 score was obtained as 71%. In 2017, Kama et al.
extracted implicit and explicit aspects from online Turkish product reviews and
matched them semantic polarity values .In 2019, Kama et al. [73] developed an
online application to analyze aspect-based sentiment analysis of online Turkish
phone reviews. Frequency based aspect extraction method was used in this study,
which was explained detail in 2016 [74]. Then, aspect—sentiment matching was done

using a Turkish sentiment dictionary.

2.3 Natural Language Processing

Natural Language Processing (NLP), is a branch of artificial intelligence that deals
with the interaction between computers and humans using natural language. The
ultimate objective of NLP is to read, decipher, understand, and make sense of human
languages. NLP can be considered as a combination of different tasks such as
grammar induction, lemmatization, segmentation, stemming, morphological

segmentation, part of speech tagging, parsing and tokenization.

In recent years, fields of application of NLP have increased on a daily basis. NLP can
be segmented into two parts as text processing and speech processing in terms of the
given input. For example, in terms of text processing, a researcher at IBM [75]
developed a cognitive assistant that works as a personalized search engine by learning
all about the user and then reminds the user of a name, a song, or anything when
he/she needs it. Another example of text processing is The NLP Group at MIT [76]
conducted a new system to identify fake news. As for of speech processing,
Amazon’s Alexa and Apple’s Siri [77] are examples of intelligent voice driven
interfaces that use NLP to respond to vocal prompts and perform various tasks such as
find a particular shop, tell the weather forecast, suggest the best route to the office or
10



turn on the lights at home. Another popular application by researchers and also useful
application of NLP is developed with the aim of analyzing sentiments of customers
about a service or product by identifying and extracting information from diverse

sources in many languages (Figure 2.1).

Engiish [ ]
Mandarin Chinese ([ NG
Japanese _

German [
Arabic [N
French [

Spanish [
i Italian [
czech [}

Hindi [}
Korean [
Dutch [

Russian i

Turkish [
Portuguese [}

Swedish ||
0 5k 10k 15k 20k

Mention frequency

Figure 2.1 Languages addressed by ACL research [78]

As can be seen in Figure 2.1, most of applications of NLP were developed for the
English language. Hu and Liu [60] proposed an aspect-based sentiment mining and
summarizing method in which NL-Processor [79] was used to split sentences into
words and to generate the label (noun, verb or adjective) for each word for POS
tagging. Maipradit et al. [80] used spaCy library [81] as the NLP tool performing
NLP tasks which were removing stop words, removing special characters,
tokenization and tagging part of speech on three datasets which were taken from
Stack Overflow, reviews of mobile applications, and Jira issue trackers. Ghiassi et al.
[82] conducted standard NLP tasks transforming the text into a vector representation
which is called the bag-of-words, manually. In the term weighting task of NLP, term-
frequency/inverse document frequency (TF/IDF) algorithm was used. Jawala et al.
[12] developed an opinion discovery system for feature based sentiment analysis of

mobile phone reviews. The Natural Language Toolkit [83] which is the set of Python
11



based libraries was used for performing of NLP tasks in the their system. Another
NLP tool which is called Stanford POS tagger [84] was used in aspect-based

sentiment analysis method developed by Kansal and Toshniwal [85].

Although most of studies of NLP were proposed for the English language, there are a
remarkable number of studies proposed for the Chinese language (Figure 2.1).
Chinese language has no text delimited by spaces. Therefore, segmentation task is
needed to perform in the application of NLP which was conducted in Chinese
language. Zhang et al. [27] conducted a system to find negative aspects of products
from online product reviews. They applied segmentation in addition to the standard
NLP tasks, which were removing duplicate reviews, converting traditional to
simplified, POS tagging, removing stop words and misspelling correction, by using
ICTCLAS [86].

According to Figure 2.1, there are limited research about NLP for the Turkish
language which is a difficult language to work with. Turkish is a morphologically
rich language. It is an agglutinative language and multiple suffixes can inflect a stem.
Every new suffix addition may transform the meaning of the word or its syntactic
role in the sentence. The word “korkusuzca” is given as an example which means
“fearlessly” in English. The stem of the word is “korkmak® which is a verb. The
Suffix “-u” makes the word a noun. Then the suffix “-suz” changes the meaning to
opposite. The last suffix “-ca” makes noun an adverb. As can be seen with the
example, correct implementation of the tasks of NLP such as stemming, POS
tagging, morphological segmentation and lemmatization are crucially important for
the Turkish language. In this context, Dehkharghani et al. [70] proposed a sentiment
analysis system of Turkish movie reviews at different levels: aspect, word, sentence
and document. They used ITU Turkish Parser [87] as the NLP tool which takes a
sentence as input and creates a dependency tree with morphological analysis for each
word in the sentence. Yildirim et al. [88] conducted a sentiment analysis method of
Turkish tweets about telecommunication products. They carried out NLP tasks which
were normalization, stemming and negation handling using hand-annotated
sentiment corpus. Vural at al. [19] proposed a framework to detect sentiment polarity
of Turkish hotel reviews. They performed morphological analysis using Zemberek

12



[18] which is an open source natural language processing library. Morphological
analyzer function of Zemberek takes a word as an input and gives as output all
possible roots and suffixes of the input. Omurca, Ekinci and Turkmen [89] proposed
a system to detect multi-word aspects of Turkish Hotel Reviews. They used
Zemberek [18] to parse reviews and tag each word as noun, verb, adjectives or etc. in
the reviews. Omurca, Ekinci and Turkmen [29] also used Zemberek Library to
perform stemming and POS tagging in their aspect-based sentiment analysis of Hotel
reviews system. Ekinci and Omurca [90] also used Zemberek Library [18] for
conducting a LDA based system to extract aspect-sentiment pair. Uysal et al. [91]
performed an aspect-based sentiment analysis before the Turkish general election in
2015. They collected tweets about Turkish parties which are assumed as aspects in
this study and applied two NLP tasks which are misspelling correction and stemming

using Zemberek Library [18].
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CHAPTER 3
DESIGN AND IMPLEMENTATION

3.1 Design

The architectural overview of our system for aspect-based sentiment analysis of
online iPhone™ review is illustrated in Figure 3.1. All of the processes are divided
into four subtasks. In order to evaluate the aspect-based sentiment analysis of online
iPhone™ reviews, our system needs to gather the review data from web. However,
the raw data may contain duplicated comments and misspelled words as well as
punctuation and stop words which are meaningless. Therefore, preprocessing is
needed to be done before sentiment analysis. As it is seen in the example from Figure
3.2, different feature words can refer to one aspect, such as the words “lens”,
“video”, “fotograf” and “cekim” all referring to the aspect “kamera”. So, extracting
and grouping the features into different aspects are very important to find whether a
sentence includes an aspect. Aspects can be referred by explicit and implicit features.
An explicit feature implies to the aspect directly in a sentence, while an implicit
feature implies the aspect indirectly. The reviews which are obtained from the web
are examined, and the words found with the most frequency were labeled as explicit
features and implicit features. Then, an aspect-based sentiment analysis module was
developed to determine the sentiment polarity of each aspect. The details of these

subtasks are introduced and explained in the following subsections.

14



Y

iPhone — o
1.0 Reviews 2.0 Refined Data 3.0 Explicit Features
e Preprocess Expitit implich
Data Reviews
\__Feature ) Feature

Functions of
Zemberek Implicit

Explicit
Features Features

Zemberek
Library ( ]

Group to
Corresponding
Aspect

Words

Sentiment
Scores

SentiTurkNet

Analyze the
Sentiments

Figure 3.1 The architectural overview of our system
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Figure 3.2 The relationship between an aspect and its explicit and implicit features

3.1.1 Data Gathering

The data were collected from two websites, Hepsiburada and EksiSo6zliikk, both of
which are vast data sources in terms of product reviews in the Turkish language. The
first one is one of most popular e-commerce website in Turkey. On December 2019,
69.5 million people visited Hepsiburada and 98.07% of the visitors live in Turkey
[92]. The second website, on the other hand, is a dictionary-like website composed of

comments about a variety of topics posted by users which is considered as one of the
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largest communities in Turkey. According to SimilarWeb, more than 108.57 million
people visited EksiSo6zliikk on December 2019 and 91.79% of those were from Turkey
[93].

The method used for data gathering is web scraping. Web scraping can be done with
an automated tool using HTTP or manually from a web browser using HTML [94].
In this study, a semi -manual approach was conducted using Python. In order to get
the data required from web pages, the following steps were done. First, a table which
Is a part of the HTML code of the website was taken using the URL given in
Appendix A which was then passed to the Beautiful Soap. The Beautiful Soap is a
Python library used as an HTML parser. It creates a parse tree which enables data
extraction from HTML. HTML is a standard markup language for a document
designed to be displayed in a web browser. HTML facilities can be enhanced using
Cascading Style Sheets (CSS) and scripting languages. The architecture of the
HTML tags is commonly similar in most webpages. In this thesis, the tags which
start with “class=review-text” within “p” were extracted from the HTML table. In
Table 3.1, the meanings of the HTML tags that were used in scraping were
explained. Finally, these tags were converted to plain text and copied to a

spreadsheet. By using this procedure, a total of 5483 reviews were collected in the

end.
Table 3.1 Meaning of HTML elements [95]
<p> Paragraphs are defined with the <p> tag.
class It is used to define equal styles for elements with the same class name.
Attribute Attributes provide additional information about an element.

3.1.2 Data Preprocessing

Before the extraction of the implicit and the explicit features, the raw data that was
collected from the websites preprocessed. The preprocessing steps in this study are
illustrated in Figure 3.3.
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Figure 3.3 The preprocessing tasks of the system.

Customers may sometimes send the same comment more than once as a result of
websites not responding quickly which creates duplicate reviews. This causes
incorrect results for sentiment analysis. Therefore, these duplicate reviews were
removed resulting in 5430 reviews in the end. The users may also submit their
comments with mistypes or informal speech which must be corrected to increase the
success of the processes applied to the data in the later steps. For this purpose, the
normalization function of Zemberek was used. Zemberek is a Turkish NLP library
which is flexible, open source and platform independent framework. It mainly
enables obtaining language structure information and applying basic NLP operations
such as normalization, spell checking, morphological parsing and converting the
words written only using ASCII characters. It makes preprocessing Turkish texts
easier for developers [18]. In this thesis, the missing characters were added, and all
characters were converted to lower case via normalization operation of Zemberek

which is the type of operation that corrects user mistakes in review texts. However,
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correctness of text is still not guaranteed yet. Therefore, in order to increase the
success of the aspect-based sentiment analysis, spell checking operation was used. In
the spell checking operation of Zemberek, function returns a suggestion list for a
word given as input. The first word in the list is always more accurate. Therefore, in
this study, the first word was always picked and replaced with the input. The
punctuations and the stop words, on the other hand, are meaningless in terms of
aspect-based sentiment analysis. So, with the following data preprocessing steps,
punctuations and stop words (Appendix D) were removed to decrease the memory
load of the program. An example for the preprocessing steps mentioned so far can be

seen for a single review in Table 3.2.

Table 3.2 Examples of preprocessing steps of the review.

NLP Operations Customer Review

Sahip oldugum iphone telefona guncelleme geldi ve bir
Raw ay byunca sim kart gormedi. Sonra duzeldi. Bu sirada
mecburen yeni telefon aldim. Tesekkurler iphone.

sahip oldugum 1phone telefona giincelleme geldi ve bir ay
Normalized boyunca sim kart gérmedi . sonra diizeldi . bu sirada
mecburen yeni telefon aldim . tesekkiirler iphone .

sahip oldugum phone telefona giincelleme geldi ve bir ay
Spell Checked boyunca sim kart gérmedi . sonra diizeldi . bu sirada
mecburen yeni telefon aldim . tesekkiirler phone .

sahip oldugum phone telefona gilincelleme geldi ve bir ay
Punctuation Removed | boyunca sim kart gormedi sonra diizeldi bu sirada
mecburen yeni telefon aldim tesekkiirler phone

sahip oldugum phone telefona giincelleme geldi ay
Stop Words Removed | boyunca sim kart gormedi diizeldi sirada mecburen yeni
telefon aldim tesekkiirler phone

The final step of data preprocessing is POS Tagging. The morphology function of
Zemberek enables getting language structure information as output. Turkish is an
agglutinative language. Therefore, polarity of the roots and the suffixes are very
important in terms of aspect-based sentiment analysis in Turkish. Morphology
function takes a word and returns the root and polarity of suffix of the word. In Table

3.3, the first column is the preprocessed customer review; second column is the
18



morphological analysis of the word “gérmedi”. It is seen from the result of the
morphological analysis that “-me” is negative suffix. “-me” is the negation particle in
Turkish which changes the word to negative. Hence, the resulting polarity is

interpreted as negative for “gérmedi”.

Table 3.3 Example of output belong to morphology function.

Output of morphological analysis of

Preprocessed Review “Gormedi”

“sahip oldugum phone telefona giincelleme
geldi ay boyunca sim kart gérmedi diizeldi | [gormek:Verb]

sirada  mecburen yeni telefon aldim | gor:Verb+me:Neg+di:Past+A3sg
tesekkiirler phone”

3.1.3 Feature Extraction and Grouping

Feature extraction and grouping to aspects are crucial in terms of the success of
aspect-based sentiment analysis. We have examined all of the reviews and determine
the following three words as aspects which we think have the most frequency:
“kamera”, “performans” and “fiyat”. Also, there are some words which refer to these
aspects explicitly or implicitly. The explicit features in the same group are usually
the synonyms or the similar concept words. Accordingly, we have determined the
explicit features concerning the iPhone domain. The implicit features usually have
the same or close meaning to aspects and explicit features. In Table 3.4, all aspects

and features of specified in our system are presented.

Table 3.4 All Aspects and features extracted in our system.

Aspect Explicit Implicit Implicit Implicit Implicit
Feature Feature Feature Feature Feature
Kamera Lens Foto Fotograf Cekim Video
Performans Hiz Batarya Sarj Ekran Giincelleme
Fiyat Ucret Pahali Ucuz Para
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3.1.4 Aspect-Based Sentiment Analysis

Sentiment analysis is important for our study because it specifies whether the
customer is satisfied with a specific aspect of the product or not. Our dataset is in a
single domain and some reviews consist of a few sentences, so we apply an easy but
effective sentence-level and lexicon-based sentiment analysis to identify the
orientation of each sentence. Our sentence-level analysis consists of two main parts:
word-level and word-group level. While morphological analysis function is applied,
some questions are answered and saved as an object for each word within the all
data. The questions are “What is root?”, “Is root a feature?”, “What is the suffix?”,
“Is the suffix negative?”. After these steps are performed for all of the reviews, the
polarity of each root is searched at SentiTurkNet [20] which is a Turkish polarity
lexicon developed for sentiment analysis. SentiTurkNet is an extended work of
WordNet [13]. Three polarity values are assigned to each word placed at Turkish
WordNet, specified as positive, negative and objective (Figure 3.4). In this study,
only positive and negative polarity values of SentiTurkNet are used and neutral
polarity value is ignored. If the difference between positive and negative values is
greater than zero, the root of the word is accepted as positive, otherwise it is accepted
as negative. For example, root and suffix of the word “Gtizeldir” is taken as”Gtizel”
and “-dir” after morphological analysis. “Giizel” is found in SentiTurkNet and the
difference value is “1” which is considered to be a positive root in our study.
Additionally, we know, from output of morphological analysis function by
Zemberek, that the suffix “-dir” is also positive. S0 a positive root with a positive
suffix is evaluated as a positive word as in the word “Giizeldir”. As can be seen in
Table 3.5, if both the root and the suffix are either positive or negative, the word is
evaluated as positive, and if one of them is positive or negative while the other one is

the opposite, the word is then evaluated as negative.
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A B T D E F G

1 synonyms Turkish Gloss Polarity Label POS tag neg value obj value pos value
9 |1 Nisan nisan ayin birinci giini o n 0,06 0,872 0,068
10 |aba Yinden, dovilerek yapilan kalin ve kaba kumas o n 0,06 0,872 0,068
11 abanmak Bir yere veya bir kimseye yaslanmak, dayanmak o v 0,06 0,872 0,068
12 abanoz Abanozgillerin agir, sert ve siyah renkli tahtasi o n 0,06 0,872 0,068
13 abanoz Abanozgillerin agir, sert ve siyah renkli tahtasi 0 n 0,06 0,872 0,068
14 abarti, miibalaga oldugundan daha onemli gostermek o n 0,06 0,872 0,068
15 |abartili represented as greater than is true or reasonable n a 0,47 0,462 0,068
abartmak , Bir seyi oldugundan biiyiik veya ¢cok gdstererek
16 miibalaga etmek anlatmak, mibaldga etmek " v e e 0
Miislimanlann, bazi ibadetleri yapabilmek igin el,
agiz, burun, yiz, kol .\.re ayagi y:kama.ve basa, 0 N 0,06 0,06 0,88
enseye 1slak el gezdirme, kulagi temizleme
17 abdest, aptes bigiminde yaptiklan annma.
Aberdeen, iskogya'da bir sehir statusu bulunan
kent. Kuzeydogu iskogya'nin en 8nemli limani ve
ticaret merkezi olan Aberdeen, Kuzey Denizi o n 0,06 0,872 0,068
kiyisinda yer alir. Edinburg'dan 94 ve Londra'dan
18 Aberdeen 649km uzaktadir.
19 |Abican Fildisi Sahilleri'nin en biiyik sehri o n 0,06 0,872 0,068
Abies genusu,
20 Abies cinsi Kéknar olarak bilinen igne yaprakh agag cinsi © n 0,06 0812 0,068
21 |abla Bir kimsenin kendinden biiyiik olan kiz kardesi. o n 0,06 0,872 0,068
Figure 3.4 SentiTurkNet

Table 3.5 Combination of root and suffix in Turkish.

Word/ | Negative Pos Evaulated
Word Value of | Value of Root Suffix Value
Group Root Root
: Giizel -dir »
Giizeldir 0 1 o - Positive
(1, positive) (positive)
_ Zahmet -siz .
Zahmetsiz 0,068 0,06 ) X Positive
(-0,008, Negative) | (negative)
Sorun -lu .
Sorunlu 0,068 0,06 ) . Negative
(-0,008, Negative) | (positive)
Tanimak -ma )
Tanimadi 0,06 0,068 o ) Negative
(0,008, Positive) | (negative)

3.2 Implementation

In this section of the thesis, implementation of our aspect-based sentiment analysis

system is explained in detail. Implementation chapter is arranged into two main

parts. The first part is named as “Data Analysis” which presents the implementation

of the following steps: data gathering, data preprocessing, incorporating aspects and
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features into the system and analyzing the root and suffix of the word. The second
part, “Aspect-Based Sentiment Analysis”, explains the implementation of word-level
and word-group level sentiment analysis along with their algorithms. Data gathering
part was written in the Python language by Spyder [96] which is an IDE. The rest of
the system was written in the Java language by IntelliJ IDEA [97] which is also an
IDE. In addition to this, what types of challenges were faced and how these

challenges were handled are also explained in the following sections.

3.2.1 Data Analysis

In this thesis, customer reviews about iPhone are collected from two websites which
are Hepsiburada and eksisozluk via web scraping method that is explained in detail
in section “3.1.1”7. The challenge was Turkish characters while data scraping.
Because The Beautiful Soap library of Python [98], which was used for web
scraping, does not accept Turkish characters. So, characters were converted with
UTF-8. The total number of reviews collected was 5483. 5430 reviews remained

after removing the duplicates

In this thesis, data preprocessing step was very important to increase the success of
aspect-based sentiment analysis. This step prepares the reviews for sentiment
analysis. For this purpose, some NLP operations were applied to the reviews which
are normalization, spell checking, removing punctuation and stop words.
Normalization operation of Zemberek library is needed to correct mistypes. Each
review is sent to the normalize function of Zemberek, which returns the review by
adding the missing characters and changing all characters to lowercase. In order to
support the normalization operation, spell checking operation of Zemberek output of
the normalization function is sent to the spellChecking function. Also, removing
punctuation and stop words are applied to each review in turn since punctuations and
stop words are meaningless for this thesis. RemovePunctuation function was taken
the review which was output of spellCheck function (Appendix B). Examples of all

of these processes can be seen in Figure 3.5.
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f product = {Product@10975}
fid = {Long@11097}1
f name = "IPhone X"
f raw = "bir yildir iphone x kullanyorum hiz siiper 4k video ve fotedan ¢ok mmnunum doga gekimleri harika siiper tavsiye ederim.”
f normalized = "bir yildir iphene x kullanryorum hiz siiper 4k video ve fotodan gok memnunum doga ¢ekimleri harika siiper tavsiye ederim ."
f spellChecked = "bir yildir phone o kullaniyorum hiz siiper ak video ve fotodan cok memnunum doda cekimleri harika siiper tavsiye ederim "
f punctuationRernoved = "bir yildir phone o kullanyorum hiz siiper ak video ve fotodan ¢ok memnunum doga ¢ekimleri harika siiper tavsiye ederim "
f stopWordsRernoved = "yildir phone kullaniyorum hiz siiper ak video fotodan memnunum doga gekimleri harika siiper tavsiye ederim”

Figure 3.5 Example of preprocessed review

In order to incorporate aspects and features, which are explained in detail in section
3.1.3 into the system, a graphical user interface was implemented (Figure 3.6).

‘ Add New Aspect ‘ ‘ Delete Aspect ‘ ‘ Add New Feature ‘ ‘ Delete Feature
Id Name | Result Id | Name | Feature Name
Delete Results ‘ ‘ Calculate Results ‘

Figure 3.6 The GUI to manage of aspects and features

The user interface includes two parts. First part enables the user to enter the aspects
specified by using “Add New Aspect” button (Figure 3.7).
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Second part enables the user to enter features which refer to corresponding aspects

Add New Aspect | ‘ Delete Aspect ‘ ‘ Add New Feature ‘ ‘ Delete Feature
Id MName Result Id MName Feature Name

1 kamera 1 lens kamera

2 performans 2 fotograf kamera
3 foto kamera
4 video kamera
5 cekim kamera
3] hiz performans
7 arj performans
8 batarya performans
g ekran performans

Input u
Delete Results ‘ ‘ Calculate Results ‘

Figure 3.7 Adding an aspect to the system

by using “Add New Feature” (Figure 3.8).
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Add Hew Aspect | ‘ Delete Aspect | | Add New Feature ‘ | Delete Feature

Id Name Result Id MName Feature Name
1 kamera 1 lens kamera
2 performans 2 fotograf kamera
5 fiyat 3 foto kamera
4 video kamera
5 cekim kamera
g hiz performans
7 arj performans
g batarya performans
9 ekran performans

Input

IE‘ Feature Name

|DEIFEI|

-
|

Delete Results | | Calculate Results |

Figure 3.8 Adding feature to the system

After the feature name is entered, a window is opened to enter corresponding aspect
name (Figure 3.9). All aspects and features can be deleted using “Delete Aspect” and
“Delete Feature” buttons. However, if an aspect needs to be deleted, the
corresponding feature must also be deleted. In this study, the challenge was the
incorporation of the “iicret” word to the system as features. “Ucret” feature refers to
“fiyat” aspect because they have close meaning. However, when “iicret” feature was
incorporated to the system, the system analyzed as if “asgari ilicret” was an “licret”
feature. The reviews including “asgari ticret” were unrelated to the price of iPhone.
All aspects and features extracted must be related with iPhone. Therefore, “ilicret”

feature was removed from Table 3.4 as mentioned in Section 3.1.3.
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Add New Aspect | | Delete Aspect ‘ | Add New Feature | | Delete Feature
Id Name Result Id Name Feature Name
1 kamera - 1 lens kamera
2 performans 2 fotograf kamera
5 fiyat 3 foto kamera
4 video kamera
5 cekim kamera
3] hiz performans
7 arj performans
5] batarya performans
9 ekran performans
Input u
@ Aspect Name (Parent)
fiyat |
Delete Results | | Calculate Results |

Figure 3.9 Adding parent aspect to the system

When all aspects and their features are entered to the system, the GUI is seen as in
Figure 3.10. Calculating semantic analysis result for each feature and its

corresponding aspect starts when “Calculate Results” is clicked.
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L ManWindow e IR T R e . Sl

Add New Aspect ‘ ‘ Delete Aspect ‘ | Add New Feature ‘ ‘ Delete Feature
1d Mame Result Id Mame Feature Mame

1 kamera - 1 lens kamera

2 performans - 2 fotograf kamera

3 fiyat - 3 foto kamera
4 video kamera
5 cekim kamera
6 hiz performans
7 arj performans
8 batarya performans
9 ekran performans
10 glincelleme performans
11 para fiyat
12 pahall fiyat
13 ucuz fiyat

Delete Results ‘ ‘ Calculate Results ‘

Figure 3.10 The appearance after all aspects and features added

In order to calculate the semantic analysis result for each feature and its
corresponding aspect, root and suffix of the word were analyzed initially. As can be
seen in Appendix C, each review was taken by removing the stop words. An example
output of this process can be seen in Figure 3.11.

phone driinlerin ekran sorunu kesinlikle tavsiye etmiyorum kullaniyorum garantiden telefonum gelmiyor
tirld 1 hafta iginde 2 ekran degisti toplam 3 ekran degisti sird sorunu telefonumu batarya

saglamligs 95 hmemn hemen yillik telefon clmasina

Figure 3.11 The example of removing stop words

Then, output is passed to the analyze sentence function of the morphology object in

the Zemberek library. Analyze sentence function returns a detailed analysis of the
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word. The output of analyze sentence function which was given the input

“etmiyorum” can be seen in Figure 3.12.

f analysisResults = {ArrayList@3951} size=1
0 = {Singlefnalysis@9954 ] "[etmek:Verb] et:Verb+m:Meg+iyorProgl +um:Alsg"
£ item = {DictionaryTterm @956} "etrek [P:Verb; A:Aorist_A, Voicing]"
f lemma = "etmek”
f root= "et”
% primaryPos = {PrimaryPos@10138] "Verh"
secondaryPos = {SecondaryPos@10139} "None"
attributes = {RegularEnum5et@10140} size = 2

-
'3
f pronunciation = "et”
F
£
F

&
&
&

id = "etmek_Verb"
referenceltern = null
index =
£ morphemeDatalist = {ArrayList@9957} size = 4
0 = {SingleAnalysisSMorphemelata@3961 ] "et:Verb"

1 = {SingleAnalysizSMorphemeData@962} "m:MNeg"

f morpheme = [Morpheme@10051 ) "Negative:Neg"
f name= "Negative"
f id = "Neg"
[ pos = null
f derivational = false
°f informal = false
f mappedMorpheme = null
°f surface = "m”
2 = {SinglefAnalysisSMorphemeData @963} "iyor:Progl”
3 = {SinglefnalysisSMorphemeData@9964} "um:Alsg"

Figure 3.12 The example of POS Tagging

The wordAnalysisResults object is created and the following variables are set into
this object applying the rules in Algorithm 3.1.

Algorithm 3.1 Data Root and Suffix Analysis Algorithm

-C: each comment in reviews
-W: each word in reviews

-R: root of the word

-S: suffix
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-N: Is suffix negative?

-F: Is root feature?

-A: aspect refer to feature

-FT:  feature word

-FL:  feature list

-Obj:  result Object

-M(w): analyzeSentence function of Zemberek library

1: for each word W in sentence C do
2 pass word to M(W)

3 set W into Obj

4: set R into Obj

5: if R into FL

6 set F as True into Obj

7 set FT into Obj

8 set A into Obj

9

end if
10:  if N is negative suffix
11: set N as True into Obj
12:  endif
13:  return Obj
14: end for

The variables which are set into the object are the “etmiyorum” word, root of word
as “et”, Boolean value of the suffix being negative as “True”, Boolean value about
word being a feature or aspect as “False”. The output of wordAnalysisResults object
for the “etmiyorum” word can be seen in Figure 3.13. Also, the words placed in
Figure 3.11, “ekran” is set as feature and not negative, “tavsiye” is set as not a

feature and not negative (Figure 3.13).
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v OOwordAnalysisResults = {ArrayList@11775) size=7

0 = {ResultCalculatoriWordAnalysisResult@11809}
> 1 = {ResultCalculatorWordAnalysisResult@11810}

v 2 = {ResultCalculator$WordAnalysisResult@11811}

word = "ekran”

root = "ekran”

isMegative = false

isFeature = true

feature = {Feature@11822}

isMeutral = false

f this$d = {ResultCalculator@l1485}

> 3 = {ResultCalculator$WordAnalysisResult@11812}
4 = {ResultCalculatorWordAnalysisResult@11815}
b 5 = {ResultCalculator$WordAnalysisResult@11814 }
word = "tavsiye”

root = "tavsiye”

isMegative = false

.
.
:
.
.
.

W

L

isFeature = false

f
f
£
£
t feature = null
f

isMeutral = false

W

f this$d = {ResultCalculator@11485}

b 6 = {ResultCalculatorWordAnalysisResult@11815}
word = "etmiyorum”

root = "et”

isMegative = true

isFeature = false

f
f
£
£
t feature = null
f

isMeutral = false
> 'F thiss0 = {ResultCalculator@11485}

Figure 3.13 The example of word analysis result

3.2.2 Aspect-Based Sentiment Analysis

The aim of this thesis is developing an aspect-based sentiment analysis system for
reviews on iPhones given in the Turkish language. All of processes which were
explained in Section 3.2, were developed for this aim. Firstly, data were analyzed as

root and suffix, and then features were extracted grouped into corresponding aspects.
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In this part, the final processes are explained to find the polarity of the root in

SentiTurkNet [20] and to assign the polarity corresponding to the aspect in two levels

which are world-level and word-group level.

3.2.2.1 Word Level Aspect-Based Sentiment Analysis

In this study, word-level aspect-based sentiment analysis is implemented by applying

the rules illustrated in Algorithm 3.2.

Algorithm 3.2 Word Level Analysis Algorithm

Where:

-R: each review in the data set

-C: each comment in reviews

-W: each word in reviews

-R:  Root of the word

-N: Is suffix negative?

-F: s root feature?

-FT: Feature word

-A:  Aspect refer to feature

-PF: Previous feature in the comment
-S: SentiTurkNet

-P:  Positive value of word in the SentiTurkNet
-N:  Negative value of word in the SentiTurkNet
-PW: polarity of word

-AP: polarity of aspect

-R: Result polarity value

1. foreach Cinreview R

2 for each W in comment C

3 Set AP =0 and PF = null

4: if the F is True

5 if PF is not null

6 set A as PF

7 set AP as PW
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8: else set PF as F

9: end if

10: else search root into S

11: if S is not null

12: SetPWasP-N

13: if PFis “fiyat” and root is “yiiksek”
14: Set AP += -PW

15: else if PF is “fiyat” and root is “diisiik”
16: Set AP += -PW

17: else if PF is not “‘fiyat” and N is True
18: Set AP += -PW

19: else set AP += PW

20: end if

21: end if

22:  end for

23:  for each A into comment

24: Set AP and corresponding A

25:  end for

26: end for

As can be seen in Appendix C, the following activities are performed for each word.
For instance, a comment can be comprised of more than one feature or aspect.
Therefore, the transition of aspects must be clarified in the comment with the aim of
assigning the polarity of words to the right aspect. So, a variable called
previousAspect that will contain the specific aspect to be analyzed in the comment is
created and set to null initially. Then, to contain the polarity value of the aspect
analyzed, another variable called aspectValue is created and set to zero as initial
value. Finally, an object containing both variables is created, and the aspect that is
analyzed as well as its polarity value based on the polarity of each word related to the
aspect will be set into the object. If the word is an aspect or a feature related to an
aspect and previousAspect is not null, the word is set as previousAspect and polarity
of the word is set as aspectValue is assigned to zero again (in Algorithm 3.2). If the
word is not the aspect or the corresponding feature, the root of word, which is
extracted from wordAnalysisResults object as explained in Section 3.2.1 in detail, is
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searched in SentiTurkNet [20]. SentiTurkNet has three columns about the polarity
values of words which are negative, objective and positive (Figure 3.4). If the root of
word is found in SentiTurkNet, the value difference of positive and negative columns
is obtained and set as featureValue as long as the suffix is not negative. However, if
it is negative, the difference value is multiplied with negative sign before being set as
featureValue (line 7 - 14, in Algorithm 3.2) since, Turkish language has negation
suffixes such as “-me”, “-ma”, “-s1z”, “-siz”. As can be seen in Figure 3.14, the
suffix “-mi”, which was deviated from “-me” by changing vowel from high to low
[99], converted the positive root “et-” to negative. Therefore, the difference polarity
value “0.01” which is obtained from SentiTurkNet was multiplied by “-1” and then

assigned to the corresponding aspect.

if (sentiTurk != null) {
double difvalue = sentiTurk.getPosValue()-sentiTurk.getNegvalue(); difValue: 8.010000000000000009
. featureValue += wordAnalysisResult.isNewtral ? @. : wordAnalysisResult.isNegative ? -difValue :

System.out.println("difValue =» " +
} else {

wordAnalysisResult

System.out.println(“empty word");
1 0 wordAnalysisResult = {ResultCalculator$WordAnalysisResult @11

' f word = "etmiyorum"”

f root = "et"

f isNegative = true
f isFeature = false
f feature = null

f isMeutral = false

Figure 3.14 The example of ABSA for suffix “-me”

In reverse, sometimes negation suffixes make the word positive if the root of the
word has a negative meaning in the Turkish language [99]. As can be seen in Figure
3.15, the suffix “-suz”, which was deviated from “-s1z”” by changing vowel from high
to low, converted the negative root “sorun-" to positive. The difference polarity value
“-1.0” of the root “sorun-", which is obtained from SentiTurkNet, was multiplied by

“-1” and then assigned to the corresponding aspect.
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if (sentiTurk != null) {
double difValue = sentiTurk.getPosValue()-sentiTurk.getNegValue(); difvalus: -1.0

I featureValue += wordAnalysisResult.isNeutral ? 8. :

.isNegative ? -difValue :

»

=
=1
=h
=
o
=
[ =4
m

System.out.println("difvalue
} else {
System.out.println("empty wo

wordAnalysisResult

1 00 wordAnalysisResult = {ResultCalculator$WordAnalysisResult@10451}

f word = "sorunsuz”

f root = “sorun”
f isNegative = true
f isFeature = false

f feature = null

Figure 3.15 The example of ABSA for suffix “-suz”

Another issue which was needed to be analyzed separately was the usage of the word
“fiyat (price)”. “Yiiksek (high)” word has a positive meaning in the Turkish language
but becomes negative when it refers to the word “fiyat”. Similarly, “diistik (low)”
word has a negative meaning in Turkish but becomes positive when used with the
word “fiyat”. As can be seen in Figure 3.16, if the aspect previousFeature is the
word “fiyat” and the root of the word is “yiiksek”, then the difference polarity value
“0.54” of the root is multiplied by “-1” (Appendix C).

if (previousFeature.getName().equals("fiyat") && wordAnalysisResult.root.equals("yiksek")) {
I. featureValue += -difValue; feotureValve: 8.6 difValue: 6,54

wordAnalysisResult.root

00 wordAnalysisResult.root = "yitksek”

Figure 3.16 The usage of “fiyat” along with “yiiksek”

Also, if the previousFeature is “fiyat” and the root of word is “diisiik”” word, then the
difference polarity value “-1.0” of the root is multiplied by “-1” which can be seen in
Figure 3.17 (Appendix C).
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} else if (previousFeature.getName().equals("fiyat") & wordAnalysisResult.root.equals( disik"))
. featureValue += -difValue; featureValue: .

wordAnalysisResult.root

00 wordAnalysisResult.root = "dilsik”

Figure 3.17 The usage of “fiyat” along with “diistik”

3.2.2.2 Word Group Level Aspect-Based Sentiment Analysis

In this thesis, word-group level aspect-based sentiment analysis is also implemented
to increase the success of the system. “Ne... ne...” word groups need to be analyzed
separately since, the sentence containing “ne... ne...” word groups can have either
positivity or negativity. In this thesis, neutral polarity value was ignored for word-
level aspect-based sentiment analysis in general for most of the words. However,
“Ne... Ne...” word groups need to be analyzed in terms of neutral polarity. Because,
as can be seen in Algorithm 3.3, if both first ’Ne” and the second “Ne” are positive,
the feature or corresponding aspect is evaluated as negative, if both first ”Ne” and the
second “Ne” are negative, the feature or corresponding aspect is evaluated as
positive, and if one of them is positive or negative while the other one is the

opposite, the word is then evaluated as neutral (Appendix C).

Algorithm 3.3 Ne... Ne... Case of Main Algorithm

Where
-X: the polarity of word or word group after the first ’ne”

-y: the polarity of word or word group after the second ”ne”

ifx>0andy>0
return Negative

elseifx>0andy <0
return Neutral

elseifx<O0andy >0

return Neutral

elseifx<O0andy <0
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8: return Positive
9: endif

In addition, “degil” word converts the meaning of the previous word to opposite. In
Figure 3.18, the comment includes words which are “memnun” and “degilim”.
wordAnalysisResult object which is created as output of the morphology object for
”"memnun” word can be seen in Figure 3.19. “memnun” has isNegative variable as

false which means positivity.

+ "performansi agsindan sikantih uygulamadayken uygulamadan atryor memnun degilim”

Figure 3.18 The example review

6 = {ResultCalculatorSWord AnalysisResult@E948 }
word = "memnun”

root = "memnun”

isMegative = false

isFeature = false

feature = null

isMeutral = false

thisS0 = {ResultCalculator@8915)

-+ R =R =R =R R R

Figure 3.19 Word analysis of “memnun” word
As can be seen in Figure 3.20, when the root of word is “degil”, isNegative variable

belong to the “memnun” word is reversed to true. The rules explained in Algorithm

3.4 are applied for the word “degil” (Appendix C).
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if (lisFeature && root.equals("degil™) &% i > @ && wordAnalysisResults.get(i - 1) != null
8% lwordAnalysisResults.get(i - 1).isFeature) {
wordAnalysisResults.get(i - 1).isNegative = !wordAnalysisResults.get(i - 1).isNegative;

wordAnalysisResults

0

[
o0 wordAnalysisResults = {ArrayList@2035} size =8

0 = {ResultCalculatorSWeordAnalysisResult@9046}

1 = {ResultCalculator§WordAnalysisResult@3047}

2 = {ResultCalculator$WordAnalysisResult@3048 }

3 = {ResultCalculator§WerdAnalysisResult@3049}

4 = {ResultCalculatorSWordAnalysisResult@9050}

5 = {ResultCalculatorSWordAnalysisResult@9051}

word = "memnun”

root = “memnun”

isMegative = true

feature = null

£
&

£

f isFeature = false
&

f isMeutral = false
£

this$0 = {ResultCalculator@&892}
7 = {ResultCalculatorSWordAnalysisResult@9053}
word = "degilim™

root = "degil”

f

F

f isMegative = true
f isFeature = false
F

feature = null

Figure 3.20 Labeled as negative to “memnun” word

Algorithm 3.4 Degil Case of Main Algorithm

Where
-X: the polarity of the word before "Degil”
-y. the second word

if x>0andy="Degil”
return Negative

else if x=0and y = "Degil”
return Neutral

else if x<0andy ="Degil”
return Positive

end if
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CHAPTER 4
TEST AND EVALUATION

4.1 Test

In literature, computer-based [100] and human-based [27] analysis methods or their
combinations resulting in hybrid systems are used commonly in the evaluation of
aspect-based sentimental analysis of text. In this thesis, the human-based method is
used to evaluate the performance of aspect-based sentiment classification. A
confusion matrix is a table that is often used to describe the performance of a
classification model on a set of test data for which the true values are known. As can
be seen in Figure 4.1, the confusion matrix mainly is comprised of four values which
are “true positive”, “false positive”, “true negative” and “false negative”. “True
positives” are the correctly predicted positive values which mean that the value of
actual class is yes and the value of predicted class is also yes. “False positives” are
the wrongly predicted positive values which means the value of actual class is no but
the value of predicted class is yes. “True negatives” are the correctly predicted
negative values which means the value of actual class is no and the value of
predicted class is also no. “False negatives” are the wrongly predicted negative
values which means the value of actual class is yes but the value of predicted class is
no [101].

Predicted class

Class = Yes Class = No

Actual Class Class = Yes

Class = MNo

Figure 4.1 Confusion Matrix [102]

In this study, 5483 reviews were collected by web scraping method. After removing
the duplicate reviews, 5430 reviews remained. The system which was developed in
this thesis performs an aspect-based sentiment analysis for Turkish iPhone reviews.
2193 reviews were selected for the 3 main aspects (kamera, performans, and fiyat)
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and 13 corresponding features. Analysis results were tested 2 times. In the first pass,
a total of 300 reviews were evaluated by people (Table 4.4). An example of the

manual evaluation can be seen in Figure 4.2.

True Positive False Positive True Negatif False Negatif

Comments (TP) (FP) (TN) (FN)

Results Aspect

. Fiyatiyla, sorunsuz teslimatla herseyiyle
0,01 fiyat . . ) 4
miikemmel. Tesekkirler hepsiburada

fiyati pahali ama olsun sonuna kadar
0,01 fiyat v .p v
hakediyor.
fakat
gercekten cok gilizel APPLE isi biliyor
fakat cok pahah! 4000-5000TL ne?
-0,66 fiyat ¢ P v
Ucuzlamah onun disinda sorun yok!
siddetle

(amerikadan)

Urinii buradan  almadim

Almanizi tavsiye  ederim

Apple Tiirkiye garantili ,en diisiik fiyat ve
tistelik ayni giin icinde teslimat, baska ne
istenir ki bir internet ahsverisinde ,
Tegekkiirler hepsiburada.com

-1,67 fiyat

Figure 4.2 A manual test example

Confusion matrix of the first test can be seen in Table 4.1. When the reasons of the
false analysis results were examined, the need for some improvements to increase the
success of the system was realized. One of these improvements was adding words to
SentiTurkNet which was an important issue for this thesis since lack of some words
in SentiTurkNet were misleading in terms of aspect-based sentiment analysis. Words

which were added to SentiTurkNet manually can be seen in Table 4.2

Table 4.1 Confusion matrix of the first test

Aspect # of True False True False
nal?ne Reviews to Positive Positive Negative Negative
be tested (TP) (FP) (TN) (FN)
Kamera 100 68 10 14 8
Performans 100 61 13 19 7
Fiyat 100 68 16 10 6
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Table 4.2 The words added to SentiTurkNet manually

Words Adding Manually to SentiTurkNet

memnun ucuz harika
sikintili miithis sorun
sorunsuz sorunlu var
yok yeterli stiper
yiiksek diistik pahali

Another improvement was made for the analysis of the word “fiyat” which is

important for the domain of this system. While “yiiksek”, which is an adjective,

makes meaning of a word positive; usage of “yiiksek” with “fiyat” makes the polarity

of “fiyat” negative. In reverse, while “diisiik”, which is an adjective, makes the

meaning of a word negative; usage of “diisiik” with “fiyat” makes the polarity of

“fiyat” positive. Consequently, these exceptions were added to the implementation.

After these improvements were completed, second test was done with 801 reviews.

The improved results can be seen in Table 4.3.

Table 4.3 Confusion matrix of the second test

Aspect # of True False True False
napme Reviews to Positive Positive Negative Negative
be tested (TP) (FP) (TN) (FN)
Kamera 251 181 22 36 12
Performans 231 143 11 61 16
Fiyat 319 227 23 56 13
Table 4.4 Number of reviews
# of reviews collected using the web scraping method 5483
Remaining reviews after removing the duplicates 5430
# of reviews including aspects and features 2193
# of reviews which were tested for first time 300
# of reviews which were tested for second time 801
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4.2 Evaluation

In this thesis, four measures which are precision, recall, F1-measure and accuracy
were used for evaluation of performance of the system. Precision is a metric which
quantifies the number of correct positive predictions made. Precision is calculated as
the number of true positives divided by the total number of true positives and false
positives. Recall is a metric that quantifies the number of correct positive predictions
made out of all positive predictions that could have been made. Unlike precision that
only comments on the correct positive predictions out of all positive predictions,
recall provides an indication of missed positive predictions. Recall is calculated as
the number of true positives divided by the total number of true positives and false
negatives. Maximizing precision is appropriate for focusing on minimizing the
number false positives, whereas maximizing the recall is appropriate for focusing on
minimizing the number of false negatives. F1- measure is a metric which combines
precision and recall as a single metric. Therefore, F1- measure is the more accurate
metric when compared to precision and recall, which is calculated by multiplying
precision, recall and 2, divided by the total number of precision and recall. In
general, fourth metric to evaluate the performance is accuracy which is calculated as
the number of true positive and true negative predictions divided by the total number
of both true and false predictions. Accuracy is a great measure but only when values
of false positive and false negatives are almost same [103]. However, our data set
does not include symmetric false positive values and false negative values, therefore,
accuracy is ignored in this thesis. The three metrics which were explained above was

included to evaluation the performance of our system (Table 4.5).

Table 4.5 Evaluation Results

Aspects Precision Recall F1 Measure
positive 0.89 0.93 0.91
Kamera negative 0.75 0.62 0.68
average 0.82 0.78 0.80
positive 0.93 0.90 0.91
Performans negative 0.79 0.85 0.82
average 0.86 0.88 0.87
positive 0.91 0.94 0.93
Fiyat negative 0.81 0.71 0.76
average 0.86 0.83 0.85
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Precision for “kamera” was evaluated as 0.82 which means that 82% of these were
predicted correctly and 18% of these were predicted wrongly. When the reasons of
wrong prediction were analyzed, some reasons were noticed. One of these was that a
single review includes more than one feature or aspect. For example, “ancak videolar
yeni ekran oranina gore heniiz optimize edilmemis bu biraz can sikici” is one of the
reviews in our data set. The review includes two features which are “video” and
“ekran”. According to Algorithm 2 (Section 3.2.2.1) which was used for word-level
sentiment analysis, once the word is detected as a feature, it is assumed that the
sequent words refer to this feature and the polarity values of these words are added to
the polarity value of features while the next feature word is detected. Therefore, in
the example sentence, “yeni” has positive polarity and its value is added to “kamera”
which is an aspect of “video”. On the other hand, in the rest of the sentence, “ekran”
Is detected as a new seperate feature and the following words after “ekran” were
assumed to refer to “performans” aspect negatively. However, the example review
includes the single feature “video” and all words in the review refer to “video”
negatively. “Ekran” is not a feature in this review but it could only be understood by

a human mind.

Recall measure for “kamera” was evaluated as 0.78 which means that 78% of these
were predicted correctly as positive. 22% of these were incorrectly predicted as
negative (False negative). One reason for these false negative reviews is that the
algorithm automatically assumed that all the polarity words in the reviews refer to
iPhone features. Because, in this thesis, it is assumed that there is no review which
includes comparison of iPhone with other phones. For example, “note 8 in
kamerasina daha fazla dayanamadim tekrar iphone a geri dondim” is one of the
reviews of our data set. “kamerasina” is the feature which is referred to by the word
“dayanamadim” negatively. This evaluation is correct but “kamerasina” does not
refer to “iphone”, referring to “note 8” instead. More comprehensive work is needed
for the differentiation at product level. Another measure for “kamera” is the F1
metric which was found to be 0.80. The F1 metric is an important measure because

of taking into account false positives as well as false negatives.
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Precision measure for “performans” was evaluated as 0.86 which means that 86% of
these were predicted correctly as positive. One of the reasons of the wrong prediction
was that in the reviews, the sum of the polarity values of positive words may be
higher than the sum of the polarity values of the negative words. An example from
our data set is “sarj1 giin gitmiyor ¢ok kullanmadigim halde”. The feature is “sarj1”
and the corresponding aspect is “performans”. In our system, the polarity value of
each word is computed and their sum was assigned as the resulting polarity value of
aspect or corresponding aspect of the feature. The total result which was computed
for feature “sarj1” by our system is 0.060. The polarity value of “giin” is 0.01 and of
“gitmiyor” is -0.01. Therefore, summation of these results in 0.0. Polarity values of
the following words are 0.06, -0.01, and 0.01. Therefore, although the review
indicated “‘sarj1” negatively in terms of semantic analysis, our system analyzed that
the review had positive polarity value for aspect “performans”. This is the result of
word-based semantic analysis relying solely on the polarity of individual words in a
sentence. However, spoken languages have “multi-word phrases” with meanings
different than the individual words composed them. Additionally, construction of
sentence structure can also affect the meaning even though same word/phrases are
used. Therefore, utilizing a sentiment analysis using word polarities can result in
incorrect evaluation of a sentence if it contains phrases and/or have complex

sentence structure.

Recall measure for “performans” is evaluated as 0.83 which means that 83% of these
were predicted as positive correctly. One of the reasons of false negatives is ignoring
neutral value into SentiTurkNet in this thesis. The example review is “10 numara 5
yildiz bataryast 4 giin gidiyor”. “4” has three polarity values which are positive,
negative and neutral into SentiTurkNet. Neutral is the dominant value (0.818) among
them, next is the negative value (0.125) and smallest is the positive value (0.057).
The difference between the positive and negative values, which was used in our
system for assigning polarity value to the word, is -0.068 which causes our system to
evaluate “4” as negative. Owing to the fact that negative value is bigger than the
summation of polarity values of words in the example review, the review is

evaluated as negative. In future work, neutral value should be taken into account in
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the evaluation of aspect-based semantic analysis to increase the success rates. Also,

F1 measure for “performans” is 0.87.

The precision measure for “fiyat” is evaluated as 0.86 which means that 86% of these
were predicted correctly as positive. As an incorrectly predicted example, in the
review “babama fiyatint sdyledim 5 bin daha katar araba aliriz dedi”, even though
the semantic analysis found it as positive based on the combined polarity value of
each word taken from SentiTurkNet, the combined actual meaning is negative which

iIs common in daily usage of Turkish language.

The recall measure for “fiyat” is evaluated as 0.94 which means that 94% of these
were predicted as positive correctly. As an incorrectly predicted example, in the
review “Bu fiyata baska bir yerde bulmak gergekten zor, siparis verdikten bir giin
sonra elime ulagti. Tesekkiirler hepsiburada”, although the meaning is positive, it is
evaluated as negative by our system. Because, word “zor” has a big negative polarity
value which is higher than the summation of polarity values of each word taken from

SentiTurkNet in the review. Also, F1 measure for “fiyat” is 0.85.

In Table 4.6, some evaluation results of the studies which performed aspect-based
semantic analysis for Turkish can be seen. In 2016, Kama et al. proposed a web
based feature extraction method to enhance performance metrics of the existing
feature extraction methods for Turkish informal text. The results showed that
precision, recall and F1 measures are 59.24%, 84.90% and 69.79%, respectively. In
2017, Kama et al. performed a system to match aspects (implicit, explicit) and
sentiment words for Turkish informal text aiming to improve the performance results
of ABSA systems. The evaluation results revealed that precision, recall and F1
measure were 91%, 80% and 85%, respectively. In 2019, Kama et al. developed a
tool for ABSA. They used online product reviews as data sets and extracted the
implicit and explicit aspects from the reviews with the frequency-based method.
Then, they matched the aspects and sentiment words using three sentiment lexicons.
The result showed that the values of precision and F1 measures improved compared
to their previous studies. In 2016, Eryigit performed a comprehensive study for
ABSA of online Turkish reviews in two domains. The results of Turkish hotel
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reviews were evaluated only with F1 measure which was found to be 72.64%. In
2017, Ekinci et al. proposed a method for the extraction of multi-word aspects. They
used Turkish cell phones and hotel reviews for the evaluation of the proposed
method. The evaluation results of cell phone reviews showed that precision and
recall were 82% and 83%, respectively. As can be seen in Table 4.6, compared to the
previously developed ABSA systems for Turkish, our system resulted with higher

performance values for Recall and F1 measure.

Table 4.6 Example of evaluation results for Turkish ABSA studies

Precision (%) Recall (%) F1 Measure (%)
Kama et al. [74] 59.24 84.90 69.79
Kama et al [41] 91 80 85
Kama et al. [73] 91.22 83.41 86.75
Eryigit [28] . , 72.64
Ekinci et al.[42] 82 83 -
Our System 86 88 87

The reason for obtaining lower precision value was the impact of the negative
sentiment analysis results to the overall average precision. Because, the majority of
the negative reviews were written by using informal and slang words, and this
reduces the success of sentiment analysis for negative comments. This is one of the
biggest challenges encountered in sentiment analyses for negative reviews. However,
in terms of positive reviews and their sentiment analysis, it can be seen that the
precision obtained (between 91-93%) was comparatively higher than the other
studies. One of the reasons for obtaining higher precision for positive reviews is that
the normalization process was applied via Zemberek library. The version of
Zemberek 16.0 allows the correction of mistypes or informal speech in the review
via its normalization function. In this study, the normalization was applied as the first
step of the data preprocessing. This helped the morphology function of Zemberek to
analyze the roots and the suffixes of the words in the review correctly. Thus, the
success of the algorithm to be implemented was increased. Moreover, additions of
some words (Table 4.2) into SentiTurkNet also increased the precision of our system
since the algorithms which are implemented for semantic analysis must find the
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polarity values of words, especially the valuable words in terms of semantic analysis,
from SentiTurkNet. Therefore, both the normalization and the word-additions

increased the precision of our system by minimizing the false positive predictions.

On the other hand, the reason for obtaining higher recall values is the application of
our algorithm for word group level sentiment analysis. Word groups can change the
meaning of each word in the group. Therefore, some word groups should be taken
into account in order to increase the success of the semantic analysis. In this study,
“ne.. ne..”, “degil”, “yiiksek” and “diisiikk” words were added into word group level
algorithm for semantic analysis which increased the recall value by minimizing the

false negative predictions.

Finally, since the F1 value is a combination of the precision and the recall value

(Section 4.2), an increase in both values resulted in an increase in F1 value as well.
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CHAPTER 5
CONCLUSION

In this thesis, aspect-based sentiment analysis of online reviews about iPhones in the
Turkish language using the lexicon based approach has been implemented. The
modules of the system namely, data gathering, preprocessing, feature extraction and
sentiment analysis of the different aspects are explained in detail in the thesis. IPhone
reviews which are used as the data set was retrieved from two web sites using the
web scrapping method. Then, the data set was preprocessed with the use of the
Zemberek library. The NLP tasks which were used to aim to process data were
removing duplicate reviews, normalization, spell checking, removing punctuations
and stop words as well as POS tagging. Another design issue which was taken into
account was feature extraction explicitly and implicitly. Then, each feature was
matched with the corresponding aspect manually. The main and last part of the
design section was aspect-based sentiment analysis for which the Turkish lexicon
(SentiTurkNet) was used. In the study, word and word-group level for aspect based
sentiment analysis were considered. The results of aspect-based sentiment analysis
were tested with the confusion matrix and recall, precision and F1 measure metrics
were calculated twice. The highest value of precision, recall and F1 measure were
0.93, 0.94 and 0.93, respectively. The evaluation of our system resulted with higher
values than other Turkish ABSA studies.

Some limitations were faced while conducting the aspect-based sentiment analysis in
this thesis. One of these was that Turkish is a morphologically rich language for
which there are limited number of NLP tools available. In morphologically rich
languages, the root may be inflected by many different suffixes that may or may not
change the meaning of the root. Therefore, the success of data preprocessing depends
on the accuracy of the NLP tool used. Another limitation was that the polarity of
words may change according to which words they are used with. For example, the

word “yiiksek™ has a positive meaning when it is used with the word “performans’

whereas it holds a negative meaning when used with the word “fiyat”. There are

47



many situations like this example which should be taken into account. However, the
implementation of algorithms to handle these situations require significant amount of
resources. The usage of the lexicon was also another limitation in this thesis. The
effectiveness of aspect-based sentiment analysis depends on the accuracy of
sentiment lexicon used which was limited in Turkish for the study conducted in this
thesis. The final major limitation in this thesis was the writing style of some reviews
that consists of informal as well as slang words used in daily communications. Since
the polarity values of these types of words were not present in the sentiment lexicon

used, the analysis for such reviews could not be conducted.

There are a limited number of studies about aspect-based sentiment analysis
especially conducted with lexicon based methods for the Turkish language. In this
context, our thesis has significant contribution to literature. Although the aspect-
based sentiment analysis method which was proposed focused on only iPhone
reviews, the GUI that was developed allows the users to add and delete explicit and
implicit features and aspects independent from the domain. Domain independence

feature of our approach also contributes to the literature.

In this thesis, the implicit and explicit features were extracted and grouped into the
corresponding aspects manually. There are many methods to extract and group
features proposed by other researchers most of which are statistical methods. In the
statistical methods, some rules are generally applied to restrict the high frequency
words in order to find the explicit features. However, the low frequency feature
words are ignored in these methods. Finding them is an important task to extract
implicit features. The association rule method is used to find the implicit features for
grouping features into their corresponding aspects, some researchers used a lexicon
such as WordNet to find the words’ synonyms. As the future work, feature extraction

and grouping methods mentioned above can be incorporated to our system.
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APPENDIX D
LIST OF STOP WORDS

acaba acep adamakilli adeta ait altmis alt1 ama amma anca ancak arada artik aslinda
aynen ayrica az agikc¢a agikgasi bana bari bazen bazi bagkasi bagka belki ben benden
beni benim beri beriki bes bilciimle bile bin binaen binaenaleyh bir biraz birazdan
birbiri birden birdenbire biri birice birileri birisi birkag birkaci birlikte birgok bir¢ogu
biteviye bittabi biz bizatihi bizce bizcileyin bizden bize bizi bizim bizimki bizzat
bosuna bu buna bunda bundan bunlar bunlari bunlarin bunu bunun burada buradan
burasi boyle boylece bdylecene bdylelikle boylemesine bdylesine biisbiitiin biitiin
climlesi da daha dahi dahil dahilen daima dair dayanarak de defa dek demin
demincek deminden denli derakap derhal derken degil degin diye diger digeri doksan
dokuz dolay1 dolayisiyla dogru dort edecek eden ederek edilecek ediliyor edilmesi
ediyor elbet elbette elli en enikonu epey epeyce epeyi esasen esnasinda etmesi etrafli
etraflica etti ettigi ettigini evleviyetle evvel evvela evvelce evvelden evvelemirde
evveli eder eger fakat filanca gah gayet gayetle gayri gayr1 gelgelelim gene gerek
gerci gecende gecenlerde gibi gibilerden gibisinden gore girla hakeza halbuki halen
halihazirda haliyle handiyse hangi hangisi hani hari¢ hasebiyle hasili hatta hele hem
heniiz hep hepsi her herhangi herkes herkesin hi¢ hi¢bir higbiri hos hulasaten iken iki
ila ile ilen ilgili ilk illa illaki inen ise ister itibaren itibariyle itibariyla iyice iyicene
icin 1§ iste kadar kaffesi kah kala kanimca karsin katrilyon kaynak kacg1 kelli kendi
kendilerine kendini kendisi kendisine kendisini kere kez keza kezalik keske ki kim
kimden kime kimi kimisi kimse kimsecik kimsecikler kiilliyen kirk kisaca kirk kisaca
lakin litfen madem mademki mamafih mebni meger megerki megerse milyar milyon
mu mii mi mi1 nasil nasilsa nazaran nasi ne neden nedeniyle nedenle nedense nerde
nerden nerdeyse nere nerede nereden neredeyse neresi nereye neye neyi neyse nice
nihayet nihayetinde nitekim niye ni¢in o olan olarak oldu olduklarini olduk¢a oldugu
oldugunu olmadi olmadig1 olmak olmasi olmayan olmaz olsa olsun olup olur olursa
oluyor on ona onca onculaymn onda ondan onlar onlardan onlar1 onlarin onu onun
oracik oracikta orada oradan oranca oranla oraya otuz oysa oysaki pek pekala peki
pekce peyderpey ragmen sadece sahi sahiden sana sanki sekiz seksen sen senden seni
senin siz sizden sizi sizin sonra sonradan sonralar1 sonunda tabii tam tamam
tamamen tamamiyla tarafindan tek trilyon tiim var vardi vasitasiyla ve velev velhasil
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velhasilikelam veya veyahut ya yahut yakinen yakinda yakindan yakinlarda yalniz
yalnizca yani yapacak yapmak yapti yaptiklar1 yaptigi yaptigini yapilan yapilmasi
yapiyor yedi yeniden yenilerde yerine yetmis yine yirmi yok yoksa yoluyla yiiz
yiiziinden zarfinda zaten zati zira ¢abuk ¢abukea gesitli ¢ok ¢oklar1 ¢oklarinca ¢okluk
coklukla c¢okca ¢ogu ¢ogun cogunca ¢ogunlukla ¢iinkii Obiir Obiirkii Obiirii 6nce
onceden Onceleri Oncelikle 6teki otekisi dyle dylece dylelikle dylemesine 6z iizere {i¢
sey seyden seyi seyler su suna sunda sundan sunu sayet sey seyden seyi seyler su
suna suncacik sunda sundan sunlar sunlar1 sunu sunun sura suracik suracikta surasi

sOyle sayet simdi su sOyle
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